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In many existing BMSs the condition of a bridge or bridge element 
is characterized in terms of a distinct set of possible condition states 
(CSs) and possible transitions from one CS to another. The time period 
that the element will stay in each CS is then estimated on the basis 
of prediction models for the applicable deterioration mechanisms, 
available inspection data, or expert opinions.
Most existing BMSs identify fatigue damage of critical sections 
on the basis of inspection results and use criticality identification 
mechanisms [e.g., smart flags in PONTIS (1)] to highlight the neces-
sity for actions against fatigue damage. Some advanced BMSs make 
predictions of the deterioration of elements due to fatigue damage 
by specifying discrete CSs based on fatigue cracking and using mech-
anistic or historical data-based models to predict the fatigue deterio-
ration. For example, JH-BMS uses the formula of Higashiyama and 
Matsui (2) to predict fatigue damage of reinforced concrete slabs (3) 
and the fatigue assessment formula of the Japan Road Association 
to assess fatigue damage of the main members of a steel bridge 
(3). Often the fatigue damage prediction models used in existing 
BMSs are applied at the element level and are deterministic in nature 
[e.g., JH-BMS Matsui’s formula (2)]. Probabilistic models would be 
an improvement over these deterministic ones, particularly if they 
could be used within the modeling framework of existing advanced 
BMSs [e.g., PONTIS (1), KUBA (4)].
For the retrofitting of fatigue-damaged welds, bridge managers 
have a range of options available, including member replacement, 
reinforcement, load restrictions, and increased monitoring, to name 
a few. Postweld treatments such as grinding, dressing, and peening 
are increasingly being considered as another possibility for the 
retrofitting of fatigue-damaged bridge welds. Fatigue testing has 
demonstrated the effectiveness of these treatments, and anecdotal 
reports of successful postweld treatment retrofits are increasing in 
number. Relatively sophisticated fatigue models are enabling the 
effectiveness of postweld treatments to be predicted with increased 
certainty as a function of the material properties, detail geometry, and 
loading. To date, however, there have been only limited attempts to 
model postweld treatment retrofits in a BMS framework, either for 
the purpose of maintenance planning or to predict the benefits of 
these treatments from a life-cycle cost perspective [e.g., the work 
by Orcesi et al. (5)].
Against this background, in the current study two probabilistic 
fatigue models are used to simulate several fatigue management 
strategies by employing postweld treatment by needle peening 
as one of the possible retrofitting methods. The two models are a 
probabilistic strain-based fracture mechanics (SBFM) model and 
a Markov chain fatigue model. To compare the two models, the 
fatigue life is divided into a small, fixed number of CSs based on 
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The purpose of this study was to evaluate, with two probabilistic analyt-
ical models, the effectiveness of several alternative fatigue management 
strategies for steel bridge welds. The investigated strategies employed, in 
various combinations, magnetic particle inspection, gouging and reweld-
ing, and postweld treatment by peening. The analytical models included 
a probabilistic strain-based fracture mechanics model and a Markov 
chain model. For comparing the results obtained with the two models, 
the fatigue life was divided into a small, fixed number of condition states 
based on crack depth, similar to those often used by bridge management 
systems to model deterioration due to other processes, such as corrosion 
and road surface wear. The probabilistic strain-based fracture mechan-
ics model was verified first by comparison with design S–N curves and test 
data for untreated welds. Next, the verified model was used to determine 
the probability that untreated and treated welds would be in each con-
dition state in a given year; the probabilities were then used to calibrate 
transition probabilities for a much simpler Markov chain fatigue model. 
Then both models were used to simulate a number of fatigue manage-
ment strategies. From the results of these simulations, the performance 
of the different strategies was compared, and the accuracy of the sim-
pler Markov chain fatigue model was evaluated. In general, peening was 
more effective if preceded by inspection of the weld. The Markov chain 
fatigue model did a reasonable job of predicting the general trends and 
relative effectiveness of the different investigated strategies.
Bridge managers currently have a range of analytical tools at their 
disposal to facilitate maintenance planning for bridges subjected to 
deterioration due to various manifest processes, which can be read-
ily observed and characterized over time, such as corrosion and road 
surface wear. In the case of fatigue deterioration, however, which 
is highly random in nature and may be difficult to detect for much 
of the life of the structure, a need remains for the development of 
similar tools that can be easily integrated with existing bridge man-
agement systems (BMSs), used to perform rapid analyses for large 
numbers of structures, and updated to model weld inspection and 
retrofitting events.
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crack depth, similar to those often used by BMSs to model deterio-
ration due to other processes. On the basis of the analysis results, 
the effectiveness of needle peening for the fatigue retrofitting of 
steel bridge welds is evaluated. In addition, from a comparison of 
the two models, the potential of the second model as a practical tool 
for bridge managers is evaluated and possibilities for improving this 
model are suggested.
Regarding the employed probabilistic fatigue models, a determin-
istic variant of Model 1 was shown by Ghahremani and Walbridge 
to be well suited for predicting the fatigue behavior of peened welds 
under in-service variable amplitude loading conditions (6). How-
ever, the potential for this model to be integrated into a BMS frame-
work (by using either a deterministic or a probabilistic format) is 
thought to be limited because of its complexity and required cal-
culation effort. Model 2 represents the first attempt known to the 
authors to model weld retrofitting by peening (for any structural 
application) with a Markov chain approach, which would lend itself 
well to integration into the currently available BMS software.
SBFM Model
The first of the two models employed in this study is a probabilistic 
version of a previously validated SBFM model. A full description 
of the deterministic model is given elsewhere (6). The basis for the 
model is the Paris–Erdogan crack growth law, commonly used for 
analysis with linear-elastic fracture mechanics (LEFM), modified to 
consider crack closure and the presence of a threshold stress inten-
sity factor range. For the analysis of peened welds, as discussed by 
Ghahremani and Walbridge, the SBFM model offers considerable 
advantages over LEFM in terms of its ability to model the evolution 
of the residual stresses under variable amplitude loading histories 
(6). The main difference between LEFM and SBFM is the calculation 
of the stress intensity factor, K. In the SBFM model, the following 
expression is used:
K Y E a= i i i iε pi ( )1
where
 ε = local strain at crack depth, a;
 Y =  correction factor to account for crack shape, free surface, 
and finite thickness of plate; and
 E = elastic modulus.
To calculate the stresses and strains for each load cycle, a Ramberg–
Osgood material model is used (7), which requires as input the 
cyclic material parameters K′ and n′. Strain histories at various 
depths below the surface of the weld toe are determined by using 
Neuber’s rule (7) and crack closure is considered by using a model 
by Newman (8).
In the probabilistic version of the SBFM model, developed 
specifically for the current study, the various input parameters 
required by the model are replaced with statistical distributions. 
This approach has been used previously to perform probabilistic 
LEFM analysis of as-received and peened welds [e.g., by Walbridge 
and Nussbaumer (9)]. In the SBFM model, the additional parameters 
include the elastic modulus, E; the static yield and ultimate strength, 
σy and σu; the cyclic material parameters, K′ and n′; and an additional 
parameter, µ, which models the recovery of the crack opening stress 
following overloads.
Given the deterministic SBFM model from Ghahremani and 
Walbridge and statistical distributions for the various input param-
eters, Monte Carlo simulation can be used to generate histograms 
of failure probability versus imposed number of load cycles, N, for 
different treatment and loading conditions (6).
Cyclic Material Parameter distributions
To estimate the uncertainties associated with the additional material 
parameters required to implement the probabilistic SBFM model 
(E, σy, σu, K′, n′, µ), a small database of material properties for 
structural steels was compiled from several sources (6, 10–12). This 
database included base metal, weld metal, and heat-affected zone 
data. A model is proposed by Baumel and Seeger for estimating K′ 
and n′ on the basis of σu (13). According to this model, K′ can be 
taken as 1.65σu and used with a constant value for n′ of 0.15.
When the database was examined, strong correlations were seen 
between σy and σu and the error in the K′ and n′ estimates with the 
use of the model from Baumel and Seeger (13). With this infor-
mation, a linear relationship between σy and σu was assumed for 
estimating σu (see Figure 1), and K′/(1.65σu) was taken as an initial 
estimate for n′/0.15. Statistical variables were then established to 
represent the estimation errors for each parameter. Statistical vari-
ables modeling the differences between the actual σy and E and the 
nominal values (based on the steel grade for σy, 200 GPa for E) also 
were assumed, on the basis of work by Schmidt and Bartlett (14).
other Model Parameter distributions
The other parameters required for the implementation of the proba-
bilistic SBFM model were established on the basis of measurements 
(6) and review of the literature on probabilistic LEFM (see Table 1).
The following comments are made regarding these parameters:
•	 Different cyclic load and analysis uncertainty parameters 
[Var(Ptraffic) and Var(SCF)] are assumed to model laboratory fatigue 
tests (which have a relatively low uncertainty in the analysis and 
loading) and in-service conditions for welds in bridges.
•	 It is assumed that the fatigue verification procedure would be 
independent of the plate thickness (T ) or yield strength (σy). Thus, 
uniform distributions are assumed for these parameters, covering a 
range of values likely to be seen in bridges.
•	 A uniform tensile residual stress due to welding, σweld, is 
assumed. The expected value is taken as 60% of σy (6). Needle 
peening is assumed to impose a compressive residual stress at the 
weld toe surface of 80% of σy, which gradually diminishes in mag-
nitude up to a depth of ∼1 mm (6). A key assumption made in the 
SBFM analysis is that residual stress modification is the only signif-
icant effect that needle peening has on the weld toe fatigue behav-
ior. A fatigue life increase results because the compressive peening 
stresses reduce the growth rates of cracks less than ∼1 mm in depth.
Model Verification with design S–N Curves
The modeled fatigue detail was a Class C non-load-carrying trans-
verse stiffener detail with a semielliptical crack propagating from 
the weld toe surface (15–17). For this detail, the elastic stress dis-
tribution along the crack path (required for the SBFM analysis) can 
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be estimated by using equations from Monahan (18), which require 
as input the plate thickness, T; the weld toe angle, θw; and the weld 
toe radius, ρw.
In order to verify the probabilistic SBFM model, an analysis 
was initially performed under constant amplitude loading at ΔS = 
180 MPa and R (Smin/Smax) = 0.1 for the as-welded case. The results 
are compared in Figure 2a with mean life and the 97.7% survival 
probability (µ − 2σ) design S–N curves (15–17). In Figure 2a, the 
SBFM model curves are plotted by fitting a straight line through the 
analysis results for ΔS = 180 MPa with the same slope as the design 
S–N curves (m = 3.0). From Figure 2a, it can be seen that the mean 
life curve is closely predicted by the model.
The scatter (indicated by the spread between the mean life and 
the 97.7% survival probability curves) predicted by the model is 
greater than that indicated by the design curves. A likely expla-
nation for this finding is that the data from Fisher et al. used to 
establish the design curves did not include the same plate thickness 
and yield strength ranges (19). In Figure 2b, the analysis results are 
compared with other test results performed by different laboratories 
for a larger range of steel grades (6, 20–22). This plot suggests that 
TABLE 1  Probabilistic SBFM Analysis Variables
Variable µ σ Units Distribution Description
ai 0.15 0.045 mm LN Initial crack depth
(a/c)i 0.50 0.16 — LN Initial crack aspect ratio
T Range: 9.5–50.8 mm Uniform Nominal plate thickness
Var(T )a 1.02 0.012 — Normal —
θw 39.8 6.9 ° LN Weld toe angle
ρw 0.65 0.3 mm LN Weld toe radius
ln(C) −29.13 0.55 N, mm normal Paris law constant
ΔKth 80.0 15.0 MPa • √mm LN SIF range threshold
µ 0.002 0.001 — LN Crack closure parameter
Var(E)a 1.04 0.026 — Normal E = elastic modulus
σv Range: 345–690 MPa Uniform σv = yield strength
Var(σv)a 1.07 0.053 — LN —
Var(σu)a 1.0 0.077 — LN σu = ultimate strength
Var(K′)a 1.04 0.35 — LN K′ = Ramberg–Osgood constant
Var(n′)a 0.92 0.15 — LN n′ = Ramberg–Osgood constant
Var(σweld)a 1.0 0.25 — Normal σweld = welding residual stress
Var(σpwt)a 1.0 0.20 — Normal σpwt = peening residual stress
Var(Ptraffic)a 1.0 0.15 (0.01b) — Normal Ptraffic = traffic-induced load
Var(SCF)a 0.93 (1.0b) 0.12 (0.02b) — LN SCF = stress concentration factor
Note: — = not applicable; ln = lognormal distribution; SIF = stress intensity factor. 
aVar() denotes multiplier applied to nominal or estimated value.
bDenotes the value assumed for lab data analysis.
FIGURE 1  Data (6, 10–12) used to estimate (a) su and (b) K9 and n9 given sy.
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the predicted scatter is not unreasonable when such a range of test 
results is considered.
Modeling of Inspection and Retrofitting
In the implementation of the model, the Paris–Erdogan crack growth 
law is integrated numerically over a crack depth range to get the fatigue 
life. In order to model inspection and retrofitting events at fixed times 
during the service life (e.g., based on a maintenance schedule), it is 
convenient to perform the integration in blocks of load cycles, N, of 
a predetermined size. In the current study, inspection is modeled based 
on work by Lassen, in which the following curve for probability of 
detection, PD, is proposed (23):
P P a aD = − − −( )( )( )0 01 2i iexp ( )γ
where P0 is the probability of detection for a large crack and a0 is 
the smallest detectable crack size. P0 = 0.9, a0 = 1.0 mm, and γ = 1 
are the values suggested by Lassen for magnetic particle inspection 
(23). In the current study, these values are used for illustrative pur-
poses, and their variation to simulate other inspection methods is 
not considered.
Although visual inspection (which has a much different associated 
curve for probability of detection) is commonly used for routine 
assessment, when weld treatments are used for fatigue retro fitting, 
inspection by other methods, such as magnetic particle inspection, 
is normally required before the application of the treatment. For each 
trial in the Monte Carlo simulation, after a fixed number of cycles, 
N, the calculated crack size, along with Equation 2, can be used to 
determine if a crack has been detected. For the current study, false 
positives and errors in the crack size estimation are not considered. 
(This is an important simplifying assumption, since false positives 
can be significant for certain inspection methods.) If a crack is 
detected and exceeds a certain size, it will be repaired by gouging 
and rewelding. It is further assumed that this treatment will result 
in a repaired weld with an initial defect distribution the same as that 
for a new weld. In addition to magnetic particle inspection, gouging, 
and rewelding, it is assumed that the residual stresses can be modi-
fied either before or after a given service period by needle peening. 
This retrofitting method is assumed to result in a modification of 
the assumed residual stress distribution along the crack path in the 
subsequent crack propagation steps (see Figure 3) but no modification 
to the crack depth itself.
MaRkoV ChaIn FatIgue Model
In addition to the probabilistic SBFM model, a much simpler 
Markov chain fatigue model is investigated, which has much stronger 
potential, in the view of the authors, for integration into a BMS 
framework. In fact, Markov chains are commonly used already 
to model deterioration of bridge elements due to other processes 
in BMSs (24). For this model, discrete CSs are defined and dete-
rioration is modeled by estimating the probability, qi, of passing 
from one CS to another in a fixed period of time. These transition 
probabilities are the elements of the transition probability matrix, P 
(25). In the current study, “unit jump” transition probability matri-
ces (Table 2) are used; that is, it is assumed that the probability of 
jumping multiple CSs in one time increment is negligible.
At any given time, t:
p p Pt t= −1 3i ( )
where pt is a matrix containing the probabilities of being in each CS 
at time t. For the current study, it is assumed that there are a fixed 
number of traffic-induced load cycles, N, per year. Time increments 
of 1 year are assumed for the Markov chain analysis.
definition of CSs
Table 3 provides the CS definitions assumed here for a weld sub-
jected to fatigue loading. The use of Markov chains to model fatigue 
FIGURE 2  Comparison of probabilistic SBFM model results with (a) test data from Fisher et al. (19) and (b) test data from Ghahremani and 
Walbridge (6) and other sources (20–22).
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crack propagation has been studied previously (23, 26, 27). Accord-
ing to Bogdanoff and Kozin, a probability density function of 
fatigue life derived from testing can be modeled with a high degree 
of accuracy provided that the transition probabilities and the num-
ber of CSs are free to vary (26). In the current study, the number of 
CSs is fixed and small in number (five CSs are assumed), as would 
typically be the case in a BMS. The analysis performed for the cur-
rent study also differs from the previous work in that the possibility 
is investigated of modifying the transition probability matrix, P, to 
simulate the effects of postweld treatment by peening after a certain 
period of time in service.
Calibration of transition Probabilities
Calibration of the qi-values for the various CSs was done by first 
running the probabilistic SBFM model for a given load case and 
recording at the end of each time increment the probability of the 
weld’s being in each CS. The qi-values for the Markov chain model 
were then determined by a least-squares approach (minimizing the 
errors in the transition probabilities predicted by using the two mod-
els). For the current study, this exercise was performed for a number 
of load cases, for demonstration purposes. Table 4 describes these 
load cases.
On the basis of earlier work (6), two load histories were examined, 
which covered a range of loading characteristics likely to be seen in 
highway bridges (see Figure 3). These histories were generated by 
using axle weight and spacing data from a survey in Ontario, Canada 
(28), along with influence lines for the midspan moment of a 40-m 
simply supported girder (ps-m-40), and the support reaction for a 15-m 
simply supported girder (ps-r-15). The resulting loading histories can 
be characterized as narrow-banded in the ps-m-40 case, with each 
truck causing a single load cycle, or wide-banded in the ps-r-15 case, 
with each axle causing a small cycle as it passes onto or off the bridge.
For each history, two stress ranges were investigated: ΔSeq = 75 
and 100 MPa. The assumed traffic volumes were 50 or 250 aver-
age daily truck traffic (ADTT), corresponding with Class C and D 
highways in the Canadian Highway Bridge Design Code (15). The 
stress range was taken as the effective stress range, calculated as 
follows (with m = 3.0 assumed):
∆
∆
S
N S
N
i i
m
i
n m
eq
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=

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=
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where
 m = slope of S-N curve,
 Ni = number of cycles at stress range i, and
 Ntotal = total number of cycles in stress history.
The resulting qi-values are summarized in Tables 5 and 6 for the 
ps-m-40 and ps-r-15 loading histories, respectively. The calibration 
was constrained so that the q3- and q4-values would not be affected 
TABLE 2  Unit Jump Probability Transition Matrix, P
CS at 
Time t
CS at Time t + 1
CS1 CS2 CS3 CS4 CS5
CS1 1 − q1 q1 0 0 0
CS2 0 1 − q2 q2 0 0
CS3 0 0 1 − q3 q3 0
CS4 0 0 0 1 − q4 q4
CS5 0 0 0 0 1
TABLE 3  CS Definitions
Condition 
State
Critical Crack Depth
ai (mm) ac (mm)
CS1 0.10 0.25
CS2 0.25 1.0
CS3 1.0 2.5
CS4 2.5 T/2
CS5 >T/2
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FIGURE 3  Assumed (a) load histories and (b) residual stress distributions.
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by needle peening, on the basis of observations by Ghahremani and 
Walbridge (6). In general, the qi-values show similar trends for the 
two histories. The ps-r-15 history appears to be slightly more severe 
in most cases for the lower CSs.
In Figure 4, comparisons of the two models are provided for sev-
eral analysis cases. Specifically, curves of probability versus time 
are compared for CS1, CS2, and CS5. The selected cases include 
conditions resulting in both high and low probabilities of being 
in CS5 at the end of the 100-year analysis period. The agreement 
between the two models is generally good. There are noticeable dif-
ferences. However, the simpler Markov chain model captures the 
overall trends reasonably well.
Modeling of Inspection and Retrofitting
The following expressions are provided by Lassen for the probabil-
ity of being in a given CS after inspection, given that a repair will 
definitely occur if a crack exceeding a certain size is detected (23):
p p j p jr x D
j L
b
= ( ) ( )
=
∑ i ( )5
′ ( ) = ( ) + ( ) = −p j p j p p j j Lx x r i 0 1 1 6for , ( )
′ ( ) = ( ) − ( )( ) + ( ) =p j p j p j p p j j L bx x D ri i1 70 for , ( )
where
 pr = probability of repair’s occurrence,
 p0( j) = matrix of initial probability of being in each CS,
 L =  minimum condition state that will trigger repair (L = 4 is 
assumed in this study), and
 b = “ capturing” or “failure” CS (b = 5 in this study).
The following initial probability matrix was established for the 
current study on the basis of the statistical distribution for the initial 
crack depth, ai, assumed in the probabilistic SBFM analysis: p0( j) = 
(0.968, 0.032, 0, 0, 0).
Peening after a given period of time in service can be mod-
eled by simply changing the transition probability matrix from 
the “as-received” to the “peened” matrix in the year that the weld 
is treated. Implicitly, it is assumed that the peening will not change 
the current CS. Combinations of inspection, repair, and peening can 
be considered by simultaneously employing Equations 5 through 7 
and changing the transition probability matrix in the year or years 
that the weld is treated.
analySIS oF FatIgue  
ManageMent StRategIeS
The following fatigue management strategies were analyzed with 
both models:
S0. Base case, no inspection (i.e., magnetic particle inspection), 
repair (i.e., gouging and rewelding), or needle peening;
S1. Needle peening before the start of the service life;
S2. Needle peening after 20 years of service loading;
S3. Inspection and repair (if needed) after 20 years of service 
loading;
S4. Inspection, repair (if needed), and needle peening after 
20 years of service loading; and
S5. Inspection, repair, and needle peening as needed after every 
20 years of service loading.
A weld repair occurs for Strategies S3–S5 if a crack correspond-
ing with CS4 or CS5 is detected. For Strategy S5, the needle peen-
ing would not actually be repeated every 20 years. It would only be 
carried out after Year 20 immediately following a weld repair if one 
were to be performed. Figure 5, a, c, and e, presents the analysis 
results obtained for the ps-m-40 loading history by using the proba-
bilistic SBFM model. On the basis of the results in these plots, the 
following comments are made:
•	 After Strategy S1 (needle peening before the start of the service 
life), Strategy S5 results in the lowest probability of being in CS5, 
followed by Strategy S4, in all cases.
•	 In some cases, Strategy S4 is much more effective than Strat-
egy S2, which indicates the importance of inspecting the weld (and 
repairing it if necessary) before treating it.
•	 Inspection and repair after 20 years (Strategy S3) results in 
a reduction in the probability of being in CS5 for a certain period 
TABLE 5  Calibrated qi-Values: Load Case ps-m-40
As-Received Welds Needle-Peened Welds
ΔSeq-ADTT 75–50 75–250 100–50 75–50 75–250 100–50
q1 0.008696 0.028124 0.021614 0.000000 7.27E-05 0.000178
q2 0.005826 0.026085 0.014338 2.10E-05 0.000196 0.000440
q3 0.018445 0.055751 0.032049 0.018445 0.055751 0.032049
q4 0.020242 0.061971 0.039748 0.020242 0.061971 0.039748
TABLE 4  Investigated Load Cases
Loading History
Equivalent Stress 
Range (MPa)
Traffic Volume  
(ADTT)
ps-m-40  75  50
 75 250
100  50
ps-r-15  75  50
 75 250
100  50
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TABLE 6  Calibrated qi-Values: Load Case ps-r-15
As-Received Welds Needle-Peened Welds
ΔSeq-ADTT 75–50 75–250 100–50 75–50 75–250 100–50
q1 0.009998 0.040598 0.021092 8.70E-05 0.000690 0.001367
q2 0.004911 0.024587 0.012071 0.000157 0.002555 0.002710
q3 0.015718 0.050854 0.029686 0.015718 0.050854 0.029686
q4 0.016703 0.052903 0.034428 0.016703 0.052903 0.034428
FIGURE 4  Comparison of probabilistic SBFM and Markov chain model predictions: (a) as-received, ps-m-40, DSeq 5 75 MPa, ADTT 5 250; 
(b) as-received, ps-m-40, DSeq 5 100 MPa, ADTT 5 50; (c) needle peened, ps-m-40, DSeq 5 75 MPa, ADTT 5 250; and (d) needle peened, 
ps-m-40, DSeq 5 100 MPa, ADTT 5 50.
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FIGURE 5  Management strategy comparison: (a) ps-m-40, DSeq 5 75 MPa, ADTT 5 50 (SBFM); (b) ps-m-40, DSeq 5 75 MPa,  
ADTT 5 50 (Markov); (c) ps-m-40, DSeq 5 75 MPa, ADTT 5 250 (SBFM); (d) ps-m-40, DSeq 5 75 MPa, ADTT 5 250 (Markov);  
(e) ps-m-40, DSeq 5 100 MPa, ADTT 5 50 (SBFM); and (f) ps-m-40, DSeq 5 100 MPa, ADTT = 50 (Markov).
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of time after Year 20; however, after some time, the curve for this 
strategy tends to converge on the base case curve (S0).
•	 With needle peening after 20 years (Strategy S2 or S4), the 
model predicts a reduction in the probability of being in CS5, which 
generally does not diminish over time.
CoMPaRISon oF Model PRedICtIonS
In Figure 5, b, d, and f, similar results obtained with the Markov 
chain fatigue model are presented for comparison purposes. Regard-
ing this comparison, the following comments are made:
•	 In general, the calibrated Markov chain model captures the 
general trends well.
•	 Although there are evidently significant differences in the 
absolute values in some cases, either model would result in the same 
ranking of the management strategies.
•	 Since the Markov chain model in the current study was cali-
brated to minimize the prediction error for all CSs, there is a larger 
error in the prediction of being in the failure CS (CS5) than there 
would be if the calibration procedure had focused on this CS.
•	 The general trends in Figure 5 were also seen for the ps-r-15 
loading history (not shown).
ConCluSIonS
From the work presented in the previous sections, the following 
conclusions are drawn:
•	 Fatigue management strategies in which peening is employed 
after some period of time in service can result in significant failure 
probability reductions for bridge welds.
•	 Peening the weld before loading (Strategy S1) or a mainte-
nance strategy of repeated inspection, repair, and peening during the 
service life (Strategy S5) results in the lowest probability of being in 
the failure CS at the end of the analysis period (100 years).
•	 In general, it is found that peening is more effective if preceded 
by inspection.
•	 The Markov chain fatigue model does a reasonable job of pre-
dicting the general trends and relative effectiveness of the different 
investigated management strategies.
Additional work is recommended to further improve the Markov 
chain fatigue model by investigating other calibration schemes, 
allowing the number of CSs to vary, and comparing life-cycle cost 
analysis results wherein the costs associated with all CSs (not just 
the failure CS) are considered.
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